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Automatic recognition method on pressing plate state of relay protection based on

deep learning and low image requirements

PENG Guixi, YUAN Siyao, GAO Zihan, WU Yulong, SUN Hao
(Binhai Power Supply Branch of State Grid Tianjin Electric Power Company , Tianjin 300450, China)

Abstract: The layout about pressure plate of relay protection devices is gradually changing towards simplicity and
standardization, which objectively provides conditions for intelligent inspection of the pressure plate. However, due to
the actual scene, it is often impossible to provide pressure plate images with sufficient size and resolution for pressure
plate recognition. To this end, a method based on image enhancement and deep neural network for target recognition is
proposed to recognize pressure plate images with low resolution. The image enhancement network uses collaborative
learning signals from the target recognition network to enhance extremely low-resolution images into clearer and more
informative images, so that the target recognition network with high-resolution image training weights actively
participates in the learning of the image enhancement network; and then the output of the image enhancement network is
utilized as enhanced learning data, to improve the recognition performance for very low-resolution objects. Experiments
on various benchmark datasets with low-resolution image verify that this method can improve the reconstruction and
classification performance of pressure plate images.
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Figure 1 Structure of the proposed method
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Figure 2 Structure of image enhancement network
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Figure 3 Generation of a low-resolution image from

a high-resolution image
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Table 1 Parameters of enhanced low-resolution image

obtained by various methods
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Table 2 Recognition accuracy of target recognition network

based on high-resolution training %
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R 2193 75.28 3.68  10.63 0.16 0.95
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Table 3 Image quality and recognition accuracy under different methods

- HL ) A TR A5 4R 1 H IO 332 A AR A 2 TREEEGRAE

PSNR 2k SSIM - A4k PSNR  Asfk SSIM Afk PSNR A8k SSIM Ak

I3 B (L) 29.136 — 0.430  — 29.887 — 0.460 — 28.897 — 0.382 —
ELR(R) 29.828  40.692 0.621 +0.191 29.889 +0.002 0.624 +0.164 29.538 +0.641 0.563 +0.181
ELR(GC,R) 29.831  40.003 0.620 —0.001 29.903 +0.014 0.629 +0.005 29.549 +0.011 0.567 +0.004
ELR(GC,R+E) 29.847  40.016 0.622 +0.002 29.894 —0.009 0.629 0 29.560 +0.011 0.570 40.003
ELR(GC,R+E+P)  29.898 +0.051 0.629 +0.007 29.963 +0.069 0.634 +0.005 29.550 —0.010 0.569 —0.001
ELR(GC,R+E+P+C) 29.830 —0.068 0.619 —0.010 29.755 —0.208 0.610 —0.024 29.400 —0.150 0.550 —0.019




140 L - - T - - 202443 A
S
YU HE 2%/ %
ik HL D [ AR 4R 1 H I 352 A AR5 2 TOREE SRR

Top-1 A4k Top-5 7¢ft  Top-1 Atk Top5 A4k Top-1 A5fk Top5  A¢fk

R 5 WA (SEHME) 21.93 — 7528  — 3.68 — 10.63 — 0.16 — 0.95 —
ELR(R) 33.89  +11.96 81.71 +6.43 1507 +11.39 3442 +23.79 278 +262 7.20 +6.25
ELR(GC,R) 33.89 0.00 82.60 —+0.89 15.95 40.88 3497 +0.55 282 4004 746 +0.26
ELR(GC,R+E) 34.82 +0.93 8251 —0.09 16.92  +0.97 3612 +1.15 275 —0.07 7.0l —0.45
ELR(GC,R+E+P) 3645  +1.63 83.16 +0.65 17.81 +0.89 38.02 +1.90 298 +0.23 746 4045
ELR(GC,R+E+P+C) 6051 +24.06 8447 +1.31 2833 +1052 54.53 +16.51 7.31  +4.33 17.15 +9.69
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171 B AR 2% B9 2k o 38 L 2R Bt 3 3R A5 T 42
J7 35 B AR U R 1 PE AR 25 SR 4 5 TR L T 4
AR E YT ResNet-152 B PERE , 5 FIr 42 7 B 1 v
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Table 4 Recognition performance on image collection of power grid equipment %
HL 19 5 4 PR 1 HL R 2 4 PS5 2
Jr ik
Semk11] 86.22 81.23  83.73  64.98 58.48  61.73
ResNet-152( f i 43 J 5 R 45) 95.01 45.16  70.09  84.96 20.57  52.77
ResNet-152( ik 45 3 % 1401 26 48.11 81.54  64.83  50.21 26.53  38.37
ResNet-152( f 8 AR 58 HE 2 121 45) 90.19 8245 86.32  82.15 23.28  52.72
A% 4 (ResNet-152 H ELR L P Z5) 90.90 82.43  86.67  67.69 59.52  63.61
A SCH 4 (ResNet-152 | & 43 BF 3 F ELR FER 14501 25) 97.45 83.14 90.30  85.16 59.67  72.42
A SO (v RS B3 A0 ELR B0 45) 96.49 84.26  90.38  82.67 61.27  71.97
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Table 5 Recognition performance on image collection of downsampled image %

i Top-1 Top5 Topl Top5 Topl Top5

ResNet-152( i &5 43 Bk 2 R I 5 ) 47.78  72.09 0.96 3.56  24.37  37.83

ResNet-152( f % 43 3% BRI %) 1.41 4.08 1143  26.25 6.42  15.17

ResNet-152( i & &4 Fr £ B R UI125) 39.84  65.01 16.85 3522 2835  50.12

A3 (ResNet-152 i ELR B A UI125) 29.58  51.03  24.82 4539  27.20  48.21

A SO (ResNet-152 i1 & 43 $F 8 A ELR BRI %) 48.48  72.74  23.05 4289 3577  57.82

A ST (il iy AR 3 98 % ELR EHSCFR I 25) 48.10  72.28 2298  43.23 3554  57.76
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